• The genomic architecture of functionally important traits is key to understanding the 24 maintenance of reproductive barriers and trait differences when divergent populations 25 or species hybridize. We conducted a Genome-Wide Association Study (GWAS) to 26 study trait architecture in natural hybrids of two ecologically divergent Populus 27 species.
Introduction 47
Understanding the genetic architecture of phenotypic trait differences between divergent 48 populations and species has long been a fundamental goal in evolutionary genetics. At the 49 within-species level, interest has primarily been on understanding local adaptation in wild missing data and after correcting genotype likelihoods for biases associated with RAD-seq 140 (Methods S2). We further calculated F ST between parental species using Hudson's estimator 141 (Hudson et al., 1992) on the parental allele frequencies inferred with entropy. Inference of local ancestry 144 Despite substantial genetic differentiation between the parental species, they share alleles and 145 genotypes at many loci, so that LD in our study population decays rapidly with physical 146 distance. Thus, we used local ancestry for trait mapping, which provided greater LD along chromosomes (see below). LD is required for mapping because causal allelic variants are 148 unlikely directly observed in reduced representation studies. We estimated local ancestry 149 using RASPberry (Wegmann et al., 2011) , which implements a Hidden Markov Model 150 (HMM) to explain haplotypes of hybrid individuals as a mosaic of reference haplotypes 151 provided for each species. 152 We obtained reference haplotypes by phasing previously characterized pure P. alba 153 and P. tremula individuals (51 each) from the Italian, Austrian and Hungarian hybrid zones 154 (Christe et al., 2016) using FastPhase (Scheet & Stephens, 2006) , building input files with 155 fcGENE (Roshyara & Scholz, 2014) . For use in RASPberry, individuals in the reference 156 panels were not allowed to have missing data. The genotype calling step in our common 157 garden individuals was therefore restricted to the 45, 193 SNVs covered in all parental 158 individuals (Christe et al., 2016) . We further masked all genotype calls based on less than 159 five reads. 160 To infer local ancestries with RASPberry we used the mutation rates previously 161 estimated for P. alba and P. tremula (Christe et al., 2016) . As a prior on the switching 162 probabilities we further used 5 cM/Mb as the default recombination rate, as estimated for P. 163 trichocarpa (Tuskan et al., 2006) , and sample-specific genome-wide ancestry q estimated 164 using ADMIXTURE (Alexander et al., 2009 ) on all 472 individuals jointly. The remaining 165 parameter settings, initial optimization runs, and incorporation of RAD-seq genotyping error 166 rates are described in detail in Methods S2. 167 For mapping, we then used the expected ancestry genotype calculated from the 168 posterior probabilities obtained with RASPberry. We verified the presence of LD by 169 calculating the pairwise squared correlation between point estimates of local ancestries and 170 visualized the results using the package LDheatmap (Shin et al., 2006) in R (R Core Team, 171 2016).
173
Phenotypic data 174 We used 46 phenotypes, classified into phytochemical, morphological and growth traits 175 (Table 1) . For phytochemical traits, we focused on secondary metabolites in leaves from 176 three different branches of the phenylpropanoid pathway: chlorogenic acids, salicinoids and 177 flavonoids (see Methods S3 for more rationale on trait choice). These secondary metabolites 178 were previously quantified for a subset of 133 samples using Ultra-High-Pressure-Liquid-
179
Chromatography Quadrupole-Time-Of-Flight Mass-Spectrometry (Caseys et al., 2012 (Caseys et al., , 2015 180 and we completed this measurement here for all 266 samples germinated in 2011.
For morphological traits, we measured the leaf area (LFAREA) and leaf shape (LFSHAP), 182 known to be strongly divergent between P. alba and P. tremula (Lexer et al., 2009) . To 183 account for within-individual variability, we followed Lindtke et al. (2013) and (1) measured 184 four leaves per plant using a ruler with a precision of 1 mm, (2) averaged the lengths and 185 widths for each seedling, and (3) calculated LFAREA from these. LFSHAP was calculated 186 dividing the average leaf length by the average leaf width (Lindtke et al., 2013) .
187
For growth traits we included measures of height and diameter of the seedlings at one 188 and two years after planting (HEIGHT1, HEIGHT2, DIAM1 and DIAM2). Height was 189 quantified with a tape measure from the soil to the top of the main stem with a precision of 1 190 cm, while diameter was assessed with calipers with a precision of 1 mm at 10 cm above the 191 soil. HEIGHT1 and DIAM1 were available for seedlings planted in 2010, seedlings planted 192 in 2011 in Fribourg (not in Salerno) and seedlings planted in 2014. HEIGHT2 and DIAM2 193 were available only for seedlings planted in 2011, both in Fribourg and Salerno. 194 To examine how phenotypic variation relates to q, we quantified the proportion of phenotypic 195 variance explained by this variable using linear regressions. We then bootstrapped the data 196 1,000 times to obtain confidence intervals. found large windows to result in similar patterns but making the identification of candidate 214 genes harder ( Fig. S1) . We selected windows with a PIP ≥0.4 for further analysis of candidate genes, which is a higher threshold compared to other studies (Gompert et al., 2013; Comeault 216 et al., 2014; Chaves et al., 2016) .
217
To account for non-independence among samples, and to attribute phenotypic 218 variation to overall genetic composition of individuals (the highly polygenic component of 219 heritability), GEMMA estimates a kinship matrix from the genetic data and includes it as 220 covariate in the mixed model. Since we used local ancestries as genetic input, this kinship 221 matrix is effectively a genomic similarity matrix and captures differences in ancestry across 222 individuals and families ( Fig. S2) . Prior to running GEMMA, we further regressed out q, the 223 planting year and the common garden location from the phenotypes using a linear model to 224 account for their potentially confounding effects.
225
For each trait, we ran 10 independent Markov chains of 12 million iterations and 226 discarded the first 2 million as burn-in. To evaluate the robustness of our conclusions, we 227 also ran GEMMA including the covariates in the input file (-notsnp option), rather than 228 regressing them out. For the 12 phytochemical compounds with zero abundance in >10% of 229 individuals, we further coded trait values as presence (1) and absence (0) and used binomial 230 logistic regression to obtain residuals used as phenotypic information. Additional information 231 on GEMMA models and parameter settings can be found in Methods S4.
233
Analysis of traits with accessible, sparse genomic architecture 234 We selected a core set of traits with evidence for sparse, finite architectures for further 235 analysis. These traits had an estimated h 2 ≥0.01 and n_gamma >0 with at least 95% posterior 236 probability. For these traits we then selected windows with PIP ≥0.4 (also for models of 237 binary traits) and retrieved genes annotated in them in the P. trichocarpa reference genome 
Results

244
Genome-wide ancestry 245 After filtering, we kept 127,322 SNVs to infer genome-wide ancestry (q) across individuals. 246 We found considerable variation in the genomic composition of the seedlings, spanning the 247 full range between the parental species (0 and 1; Fig. 1a ). The average F ST between the 248 species was 0.3922, which is very similar to previous estimates based on a range of different molecular data (Lexer et al., 2007; Stölting et al., 2013; Christe et al., 2016) . Despite this 250 elevated differentiation, most alleles were shared between species, with only 11.6% showing 251 allele frequency difference >0.95.
253
Local ancestry inference 254 We estimated local ancestry using RASPberry (Wegmann et al., 2011) based on 32,413 255 SNVs passing filters and under a model with five generations since admixture, ancestral 256 recombination rates of 500, and a miscopying rate of 0.06, which had the highest likelihood.
257
Local ancestry analysis revealed a genomic mosaic of homospecific ancestry segments 258 derived from P. alba and P. tremula and segments with heterospecific ancestry (Fig. 1b) . As 259 expected from genome-wide ancestries, we observed more alba-like than tremula-like 260 hybrids in our sample set ( Fig. S3 ).
262
Admixture LD 263 Successful mapping in any association study depends on the extent of LD between sites 264 (Remington et al., 2001; Stracke et al., 2007) . LD in our data displayed spatial decay patterns 265 along chromosomes suitable for phenotype mapping: adjacent loci showed strong LD of 266 ancestry state, which decayed gradually with physical distance (Figs. 2, S4, S5 ). Fig. 3b,d ; e.g. C34). The proportion of phenotypic variance explained by genome-wide 275 ancestry (q) followed a heterogeneous pattern ( Fig. 4a) , broadly mirroring patterns of intra-276 and interspecific variability for the studied traits ( Fig. S7) . Table S1 ). For further analysis, we 281 grouped them into three main classes (Table 2) :
282
The first class included traits with strong evidence for heritability and with both the 283 genomic background and loci with measurable effect contributing to the phenotypic variation.
284
This class of loci with strong evidence for a genetic role in explaining phenotypic variation 285 included 16 phytochemical traits with h 2 ≥0.01 with at least 95% probability (Table 2; Figs. 286 4b, 5a). These were the phytochemical traits showing the highest values of median h 2 and 287 highest probability of n_gamma >0 (Fig. 4b,c ). An additional trait (C19) was considered part 288 of this class, although it did not strictly satisfy the threshold on h 2 (see below).
289
The second class corresponds to traits for which only the genomic background 290 appears to play a role in explaining the phenotype, while the actual contribution of individual 291 loci with measurable effect on the phenotype is less clear. This group encompasses six 292 phytochemical traits, the growth traits DIAM1 and HEIGHT1 and the morphological trait 293 LFSHAP ( Table 2 ; Figs. 4b, 5b ), which do not meet the heritability threshold outlined above, 294 but for which PVE was ≥0.05 with >97% probability.
295
The third class included traits for which both the genomic background and the 296 variation explained by loci with measurable effect were not significantly different from zero, 297 thus causing h 2 to approach zero. The most evident cases for this scenario were 298 phytochemical traits C4 (Fig. 5c) , C9, C9i and C34, for which h 2 <0.01 with >60% probability 299 and h 2 <0.05 with >90% probability. The probability of n_gamma =0 was the highest for these 300 traits. In total, nine phytochemical traits and the growth traits DIAM2 and HEIGHT2 were 301 identified to be in this class (Tables 2, S1 ).
302
For the remaining traits (seven phytochemical traits and LFAREA; Table 2 ), the 303 posterior distributions of h 2 did not allow us to obtain clear insights concerning their genomic 304 architecture. It was therefore not possible to assign them to a specific class.
306
Analysis of focal traits with finite genomic architecture 307 We identified the genomic regions with sparse effects for the 16 traits in the first class of 308 genomic architectures. All of these were phytochemical traits, i.e. secondary metabolite 309 compounds: one chlorogenic acid (C6, 5-coumaroyl quinic acid), three salicinoids (C10i, 310 acetyl-salicortin isomer 1; C12, HCH-salicortin; C15, HCH-tremulacin) and 12 flavonoids
glycuronide; C33, isorhamnetin-acetyl-hexose). As mentioned above, we investigated an additional trait as part of this set (C19, quercetin-glucuronide-pentose), since it exhibited a 317 genomic window with PIP ≥0.4 and only barely missed our threshold on h 2 with a posterior 318 probability >93%.
319
Eleven traits with finite effects were associated with a single genomic window with 320 PIP ≥0.4 per trait, while traits C18, C22, C23, C31, C32 exhibited two or three windows 321 above this threshold. C33 had no genomic window with PIP ≥0.4, despite satisfying the 322 requirements regarding h 2 and n_gamma. Since the phytochemical compounds underlying 323 traits C19, C29 and C32 were not produced by >10% of individuals, we also conducted 324 mapping on the presence or absence of these compounds (binary analysis, Notes S1). This 325 analysis also revealed identifiable sparse effects, but only for C29 did the signal reside in the 326 same genomic window as in the quantitative analysis. For traits C19 and C32, in contrast, the 327 identified windows did not overlap, suggesting that different variants are responsible for 328 down-regulating or inhibiting the pathway leading to these compounds.
329
Windows of special interest were located on chromosomes 1, 3, 6, 11, 12, 13, 15 and 330 18 ( Fig. 6 ; Notes S2; Table S2 ). Several windows showed PIP peaks for more than one trait: 331 this was the case for two windows on each of the chromosomes 11, 12 and 15. Particularly 332 interesting is the window between 3 and 3.5 Mb on chromosome 12, which appears to be 333 involved in explaining six different phytochemical traits, all belonging to the flavonoid 334 branch of the phenylpropanoid pathway. Results obtained with alternative modeling options 335 in GEMMA (Methods S3) corroborated those obtained with our primary approach (Notes 336 S1).
338
Candidate genes in windows with high PIP 339 Within the windows of interest (PIP ≥0.4), we identified several candidate genes potentially 340 responsible for the significant associations between specific genomic regions and phenotypic 341 traits. Most conspicuously, these windows contained genes encoding MYB-type transcription 342 factors known to function in combination in plants (Höll et al., 2013; Liu et al., 2014; P. 343 trichocarpa gene models Potri.001G005100, Potri.013G149100, and Potri.013G149200); More information on candidate genes found in genomic windows with high PIP is provided 351 in Notes S2 and Table S2 , and the most plausible candidate genes are discussed below. (Figs. 3, S6, S7) , 379 with several traits showing strong differences between the parental species, especially in the 380 case of phytochemical traits. Hybrids showed intermediate or parental-like values for most 381 traits. Nevertheless, many recombinant hybrids showed phenotypic values falling outside the 382 range of variation of the parental species (Figs. 3b,d, S6, S7) and are thus examples of 383 transgressive segregation (Rieseberg et al., 2003; Dittrich-Reed & Fitzpatrick, 2013) .
Traits with high, medium, or low heritability 385
Our GWAS identified genomic architectures that fall roughly into three main classes. The 386 first class consisted of traits with relatively high heritability h 2 and for which a finite set of 387 genomic regions contribute to the phenotype. All these were phytochemical traits, a finding 388 consistent with the notion that finite genetic effects are more easily detected for traits tightly 389 coupled with the underlying pathways.
390
The second class included traits for which phenotypic variation is explained by 391 genetic effects as detected by PVE captured by our kinship (=genomic similarity) matrix, but 392 no localized association was identified (PGE about zero). One likely reason why the genomic 393 similarity matrix explains phenotypic variation is that the trait is heritable but highly 394 polygenic, as was previously reported for growth-related traits (Wood et al., 2014; Tsai et al., 395 2015) , also in the case of Populus species (Du et al., 2016) .
396
The third class consisted of traits that do not appear to be heritable. Many of these are 397 phytochemical defense traits against herbivores, which may be predominantly influenced by 398 environmental factors (Abreu et al., 2011; Boeckler et al., 2011) . However, some of these 399 traits did show considerable phenotypic differences between the species, also in our common 400 garden setting. The potential lack of a heritable signal could therefore also indicate a lack of 401 power of our admixture mapping approach. Indeed, many causal variants were likely missed 402 by our reduced representation sequencing experiment, and also not well tagged due to 403 generally very low LD in Populus (few hundred base pairs according to Ingvarsson, 2008; 404 Marroni et al., 2011; but see Olson et al., 2010; Slavov et al., 2012) . To mitigate this issue, 405 however, we chose to conduct mapping on local ancestry, which exhibits long-range LD 406 among the early generation hybrids used here. A more likely cause for the inferred trait 407 architectures is thus that some of these traits are highly polygenic, and a failure to detect 408 significant heritability for such traits might be due to a lack of power associated with 409 admixture mapping. Heritability estimates were conspicuously low for growth-related traits, despite controlling 413 for potential covariates. A lack of heritable variation for growth traits was previously 414 observed in poplar and willow species (Orians et al., 2003; Du et al., 2016) . The PVE 415 estimates we observed are likely mainly due to the phenotypic variance that can be explained 416 by the genomic ancestry similarity matrix (Zhou et al., 2013) as discussed earlier.
417
Nevertheless, other explanations have to be taken into account as well.
Pleiotropic effects among phytochemical traits
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